We propose the use of a retrieval procedure for time-resolved near-infrared tissue spectroscopy based on the 'optimal estimation' method. The aim of this retrieval method is to obtain an improved estimate of the target parameters compared with standard nonlinear least-squares routines, since the inverse problem dedicated to retrieve the optical properties of tissue is ill posed. A priori information on target and forward model parameters is used, so that a larger number of target parameters can be retrieved, and/or a better accuracy and precision can be achieved on the retrieved target parameters. The procedure has been tested on time-resolved simulated experiments generated, using solutions of the diffusion equation and with solutions of the radiative transfer equation reconstructed with Monte Carlo simulations. The results obtained show that, by using a priori information on target parameters, we have a smaller difference between retrieved values and true values, and lower retrieved error bars. Similarly, a more correct estimate of the errors of the forward model parameters improves the retrieval of the target parameters.
Introduction
The inverse problem is a relevant part of near-infrared spectroscopy (NIRS) in tissue. Many different techniques have been implemented to measure the optical properties of tissue (Chernomordik et al 2002 , Kienle et al 2001 , Liebert et al 2003 , Liu et al 1995 . All the methods for the indirect measurement of the optical properties of biological tissues consist of the measured data and of the retrieval procedure, which is a method that, in using the actual measurements, infers the values of the absorption coefficient, μ a , and of the reduced scattering coefficient, μ s , that characterize tissue. Biological tissue is a diffusive medium, i.e. light propagates with a diffusive regime. There are intrinsic difficulties in measuring the optical properties of diffusive media even in the simplest case of a homogeneous medium where only two parameters have to be reconstructed, as also shown by the results of a recent multi-laboratory study (Pifferi et al 2005) and by the lack of a reference standard for diffusive media (Di Ninni et al 2011) . These difficulties partially arise from the strong correlation and crosstalk between the target parameters μ a and μ s (further complicated by the correlation between these parameters and the amplitude factor that must unavoidably be fitted) which makes the inverse problem ill posed.
In this paper, we propose the use of a retrieval procedure for biomedical applications in NIRS based on the optimal estimation (OE) method (Rodgers 2000) . The method here adopted was originally developed as an inverse method for atmospheric sounding (Rodgers 2000) , and so far only an example of application to tissue optics has been proposed (Nielsen et al 2008) . The main characteristic of this method relates to the possibility of including a priori information both on target and on forward model parameters inside the inversion procedure. By forward model parameters we mean parameters of the forward model that are not estimated by the inversion procedure (as an example, we can site the refractive index of the medium and the time reference for time-resolved data that are usually assumed to be known in the inverse problem). The retrieval procedure determines the target parameters minimizing a cost function that quantifies the difference between the observations and the forward model (sum of the squares of the discrepancy between the observations and the forward model). This process also depends on a priori information regarding the target and the forward model parameters. For the target parameters, the a priori information is accounted for by assuming Gaussian distributions for the probability law. Thus, the feasible range of the target parameters of the inversion procedure is essentially delimited by about three standard deviations of the Gaussian distributions and centered at their initial expected values. Similarly, for the forward model parameters, the a priori information is given by estimating a feasible range for their true values. In the inversion procedures most commonly used, these parameters are assumed to be known. Indeed, their assumed values may be affected by systematic errors that can be considered as the a priori information in minimizing the cost function. Therefore, the inversion procedure implemented here can account for the effect of systematic errors of the forward model parameters inside the retrieval procedure. The possibility that the retrieval operator can elaborate a priori information is a benefit for the whole retrieval procedure. This means that a larger number of target parameters can be retrieved, and/or that a better accuracy and precision can be achieved by retrieving the target parameters with a complete error budget. Last, the retrieval procedure proposed here can also include the intrinsic approximations of the forward model by means of a proper definition of the variance-covariance matrix (VCM) of the forward model. In this paper, we have not explored this option of the program; however, we stress that its implementation is straightforward and not very different compared with the use of a priori information on target and forward model parameters.
What does it mean to know something about a parameter a priori? In the sense here adopted, it means to know something about a parameter before observing the data. For instance, the a priori information can be summarized as an estimate of the parameter together with a range where the true value of the parameter may vary. The final goal of this procedure is to have an improved estimate of the target parameters, since their retrieval can be performed on a bounded interval and also using the a priori information on the forward model parameters.
As for the use of a priori information, Eppstein et al (1999 Eppstein et al ( , 2001 ) used a recursive Bayesian minimum-variance estimator for frequency-domain fluorescence optical tomography applications. The uncertain optical parameters of the retrieval were modeled with a priori lower and upper bounds, rather than as unbounded Gaussian variables: the retrieval of the parameters was bound-constrained, thus precluding infeasible values.
A long list of inversion methods used in NIRS can be made and an overview can be found in the review by Arridge and Schotland (2009) . Among the several algorithms used in NIRS, we recall the Levenberg-Marquardt (LM) method, which is probably the algorithm mostly used for retrieving the optical properties of biological tissues in biomedical applications (Hull et al 2001 , Kienle et al 2001 , Nitsiachristos and Chance 2001 , Martelli et al 2003 , Pifferi et al 2004 , Torricelli et al 2001 , Swartling et al 2003 . The routine 'mrqmin' provided by Press et al (1986) and based on the LM method has been widely used in many computer programs devoted to retrieving the optical properties of tissue (Torricelli et al 2001 , Swartling et al 2003 , Nitsiachristos and Chance 2001 , Pifferi et al 2004 . Similar routines based on the LM nonlinear least-squares algorithm are also available in other software packages, such as MATLAB. The inverse problem solved with these routines produces quite rapid procedures, but the LM method is not designed to use a priori information inside the retrieval operator. In these procedures, the target parameters are represented as unbounded Gaussian variables, and the forward model parameters are assumed to be known. Thus, the retrieval of the parameters may suffer from instability, and the retrieved values may be arbitrary when an under-determined set of measurements is used for the retrieval. The OE method partially overcomes these drawbacks.
The investigation carried out in this paper refers to time-resolved input data. In principle, the inverse subroutine we have developed can deal indifferently with any kind of input data such as broadband continuous wave NIRS, spatially resolved NIRS, frequency-domain NIRS and time-resolved NIRS, but we have not validated the use of the routine for all the different typologies of data input. We stress that the OE, that is the subject of our work, we know so far has not yet been implemented on time-resolved NIRS data input, while we have examples of its use on continuous wave broadband NIRS data (Nielsen et al 2008) or on broadband remote sensing data (Carli et al 2007 , Lynch et al 2009 , Palchetti et al 2008 , Tilman et al 2002 . The aim of this work is not to investigate the algorithm for all the different types of data available from NIRS techniques, but specifically only for time-resolved NIRS data.
In section 2, the main frame of the OE method is summarized. In section 3, the three main types of retrieval procedures implemented by using the OE method are described. In section 4, the effectiveness of the OE method is demonstrated by using the inversion procedure on synthetic simulated data obtained from solutions of the diffusion equation and from solutions of the radiative transfer equation reconstructed by means of Monte Carlo (MC) simulations. In section 5, discussion and conclusions on the results obtained are provided.
Theory
We report a concise description of the retrieval operator used in the inversion procedure implemented. This short introduction to the OE does not assume any particular typology of input data and can be considered from this general point of view . The forward model, F, simulates the measurements, y. However, the forward model does not reproduce the measurements exactly. Observations and forward simulations are therefore linked by the expression
where x is a vector containing the retrieval unknowns that are the objective of the measurements; b is a vector containing the forward model parameters, which are not the objective of the retrieval and for which a reasonable estimate exists. However, they are known with some accuracy, and is an error term. Each of the quantities involved (y, x, ε and b) may have more than one dimension. The vector of parameters, b, comprises those quantities which influence the measurement, are known with some accuracy, but are not intended as quantities to be retrieved. They will be termed the forward model parameters, and will contribute to the overall measurement accuracy. The retrieval involves the determination of the x vector that minimizes the cost function. In the constrained nonlinear least-squares fit (NLSF) approach based on the OE (Rodgers 2000) , the cost function is equal to
where S T is the complete VCM of the residuals R = y−F(x,b) of the fit,b is the best estimate of the forward model parameters and x a is the a priori estimate of x with VCM equal to S a . Two error sources affect R: the error y , due to the measurements noise of the y observations, and the error b ofb (forward model error). Therefore,
where S y is the VCM of the measurement errors, and is equal to
and S F is the VCM of the forward model errors, and is equal to
with
where index l numbers the measurements and index h numbers the forward model parameters.
In the above equations, the notation denotes the expectation value operator. The minimum of the cost function of equation (2) can be found by using the iterative Gauss-Newton solution:
where index i numbers the iterations, and K is the Jacobian of the forward model, with entries
in which index l numbers the measurements and index h numbers the retrieval unknowns. The VCM of the OE solution is equal to
Characteristics of the retrieval
According to the algorithm described above and that is implemented in our software, a parameter (unknown or known) can be included in the retrieval procedure as follows: (a) the target parameter of the retrieval without a priori information; (b) the target parameter of the retrieval with a priori information; (c) a known parameter of the forward model that is not the objective of the retrieval. As regards (a), the cost function depends only on measurements (no a priori information available); accordingly, the unknown parameter is retrieved using information only from the measurements. As regards (b), the cost function (equation (2)) is given by two terms: one depending on measurements and one depending on a priori information. Thus, the retrieved parameter depends both on measurements and on a priori information. As regards (c), the VCM of the parameter is viewed as being the VCM of the forward model (equation (5)), which is therefore added to the VCM of the measurements in accordance with equation (3). This means that the retrieval operator takes into account the errors that affect the parameters of the forward model. We stress that using standard routines for NLSF such as the LM method (see, for instance, chapter 14 of Press et al (1986) ), usually only a retrieval of type (a) is possible. With option (b) (OE), a priori information on target parameters is used in the retrieval operator. The possibility of elaborating a priori information in the retrieval operator is of benefit for the retrieval, to the point that the computational efficiency, stability and accuracy of the inversion are improved. This means that a larger number of target parameters can be retrieved by the procedure, and/or that a better accuracy can be achieved in retrieving the target parameters (see equation (9)). Option (c) makes it possible to take into account the effect of systematic errors of the forward model parameters on the retrieval operator, and thus on the solution found. A knowledge of systematic errors and their inclusion in the retrieval operator produces benefits for the retrieval of the target parameters. In conclusion, options (b) and (c) of our software improve the performance of our retrieval procedure, as compared with the standard nonlinear regression routines. Last, we stress that the solution given by equation (7) can in principle take into account any limitation of the forward model through the term S F . This is particularly relevant for applications in biomedical optics. In fact, most of the forward models used in biomedical optics are based on solutions of the diffusion equation, i.e. on approximate solutions of the radiative transfer equation that hold only in limited temporal and spatial ranges. Thus, the retrieval operator can take into account the intrinsic approximations of the forward model by means of a proper definition of the VCM of the forward model, S F . The results presented in this paper have been obtained by using analytical solutions of the DE in equation (7) as the forward model F.
Results
In order to show the effectiveness of the OE method for time-resolved tissue spectroscopy, we have generated two types of synthetic time-resolved data simulating reflectance measurements when an excitation temporal delta Dirac pencil beam source of unitary strength impinges the medium. The first type of data is obtained from analytical solutions of the DE (Martelli et al 2010) (DE simulated data), while the second type of data is generated using MC simulations (Martelli et al 2010) (MC simulated data). All the DE simulated data have been 'spoiled' by adding Poisson noise to the DE simulations. The noise was simulated in order to mimic the temporal response measured with a time-correlated single-photon counting system that detects 10 5 photons. For the MC simulated data, we obtained the estimation of the timeresolved reflectance by dividing the number of useful photons received within any temporal window, ni, by the number of emitted photons, N, by the temporal window and by the area of the receiver. The time-resolved reflectance simulated with MC or with DE is the probability per unit time and per unit area that a photon emitted by the source exits from the medium at distance ρ and time t. The noise on the MC time-resolved reflectance was calculated as the standard deviation σ 2 (ni/N) ≈ ni/N 2 (Martelli et al 2010) . The fitting range of the retrievals carried out was typically (40%-0.1%) (if not differently reported), where the percentages refer to the maximum of the temporal profile. Since we have used forward solver analytical solutions of the DE, we stress that the OE method implemented processing DE simulated data produces results without the model error. In this way, the analysis of DE simulated data provides the intrinsic characteristics of the method. Improvements in the forward solver are possible, and these will affect the performance of the procedure on actual measurement data or on MC simulated data, while the intrinsic characteristics of the method will remain unchanged. 
Therefore, for the results obtained from analyzing MC simulated data, the retrieved values of the target parameters may also be affected by a model error. Here as follows, we present results for the retrievals of types (a), (b) and (c).
Retrieval type (a).
When a priori information is not used, the performance of our software is not different from that of the other standard NLSF routines such as the ones based on the LM algorithm. We have compared the OE with the LM method for retrievals carried out on a semi-infinite medium with μ a = 0.01 mm −1 , μ s = 1 mm −1 and the absolute and relative refractive index 1.4. The refractive index of the external is 1. The simulated data were for the time-resolved reflectance at the single source-receiver distance ρ = 22 mm. For the MC results, the receiver was a ring coaxial with the pencil beam delimited by radii ρ = 21 and 23 mm in which 10 5 photons, distributed over 300 time windows and a time range of about 5 ns, were received. The temporal resolution of the distributions of the times of flight was about 17 ps. The retrieval was set-up with three target parameters: the absorption coefficient μ a , the reduced scattering coefficient μ s and an amplitude factor a. The results of the retrieval on DE simulated data and on MC simulated data are shown in table 1. The MC simulated data were obtained by using a scattering function generated with the Mie theory for very small spheres for which the asymmetry factor g is equal to zero. We have obtained similar results for other values of μ a and μ s . In figure 1 , an example of the fitting curves with the MC simulated data is plotted: the fit with OE and with LM shows undistinguishable curves. We can stress that there are no appreciable differences between the retrieval obtained with the LM method and with the OE method, and that both of them are close to the true values. In this case, the temporal profile contains enough information to reconstruct the values of the optical properties. The forward model given by the solution of the diffusion equation shows a good fit to the data. Therefore, for this kind of retrieval without a priori information, we have verified that the performance of our software is not significantly different from other standard NLSF routines such as those based on the LM algorithm.
Retrieval type (b).
When the number of target parameters increases and the information on the observations is not sufficient for retrieving all the correct values of the parameters, the availability of a priori information may be decisive in guaranteeing a correct retrieval. We chose the two-layer geometry which has already been used in the past in tissue spectroscopy for modeling the architecture of some types of tissue. We present two sets Table 2 . Retrieved optical properties for a two-layered medium using three different types of a priori information (see figure 3 ) on the retrieved target parameters: 11.8 ± 1. 11.33 ± 1.3 9.9 ± 10. 14.66 ± 6.8 a 1.00 ± 0.09 0.93 ± 0.26 0.88 ± 1.2 1.52 ± 0.5
Actual values: μ a1 = 0.004 mm −1 ; μ a2 = 0.03 mm −1 ; μ s1 = 1 mm −1 ; μ s2 = 0.5 mm −1 ; s 1 = 12 mm; a = 1 of retrievals: the first set carried out both on DE and MC simulated data, and the second set carried out only on MC simulated data. The results of the first set are summarized in table 2: the retrieved target parameters, their standard deviations and their actual values are shown. Time-resolved reflectance measurements simulated using a solution of the DE and with a MC code are processed in the retrieval. The retrievals in table 2 are for ρ = 22 mm and for a two-layer medium of which the second layer is semiinfinite. The receiver used in the MC simulations was the same described for the retrieval type (a) for which 10 5 photons distributed over about 5 ns were received. The temporal resolution of the distributions of the time of flight was 40 ps. Some details on the MC code used for simulating a two-layer medium can be found in Martelli et al (2010) . The MC simulated data were obtained using a scattering function with g = 0, i.e. the same as the one used for the results of table 1. The target parameters were the absorption coefficients μ a1 and μ a2 of the first and second layers, the reduced scattering coefficients μ s1 and μ s2 of the first and second layers, the thickness of the first layer s 1 and an amplitude factor a necessary in order to simulate the experimental conditions. The retrievals of table 2 were done for four different types of a priori information (trials 1, 2, 3, 4). From now onward, any retrieval carried out for a determined set of a priori information will be denoted as trial. In figure 2 , the MC simulated measurement curve and the fitting OE curve for trial 1 of table 2 are compared. The a priori information used for the different trials is shown in figure 3 and is expressed for each target parameter by the expected value of the parameter and by the standard deviation of its Gaussian distribution. In figure 4 , the values of the retrieved target parameters on DE simulated data and their standard deviations are plotted against the trial number. From these two figures, it is possible to appreciate how the a priori information affects the retrieval. In trial 1, the a priori information on all the target parameters was used and the true value of the parameters remained within one standard deviation of their expected value provided with the a priori information. In trial 2, the a priori information on the amplitude factor 'a' was released by selecting a wide Gaussian distribution for this parameter; and in trials 3 and 4, the a priori information was released for all the target parameters since the range of their Gaussian distributions become unbounded. Trials 3 and 4 differ only in the expected values of the target parameters used in the retrieval. Concerning trials 3 and 4 (for which the a priori information is released), we have also performed the retrieval with the LM regularization and no differences were found with the results obtained with the OE algorithm shown in table 2. These retrievals with the LM regularization were carried out using the expected values assumed for the retrieval with the OE (shown in figure 3) as initial values of the target parameters. Thus, we stress that trials 3 and 4 are practically equivalent to a fit performed using standard NLSF routines. Therefore, the comparison between the retrieved values of trials 1 and 2 with those of trials 3 and 4 is indirectly a comparison between the OE method implemented with a priori information and the LM method. Figure 4 shows that the retrieved values within three standard deviations (three times the error bars) were consistent with the true values. We did not observe significant differences between the results on DE simulated data and the results on MC simulated data. The difference between actual values and retrieved values was typically lower in average when a priori information was available, showing an improved accuracy when a priori information is used. The larger error bars obtained on the retrieved target parameters when a priori information was released showed a decrease in the precision and in the stability of the procedure.
The second set of retrievals performed only on MC simulated data is summarized in figures 5 and 6 where the a priori information and the retrieved target parameters are respectively plotted versus the trial number. Eight different trials were considered. The data were simulated for the time-resolved reflectance at the single source-receiver distance of 29.5 mm and the Henyey-Greenstein scattering function with g = 0.8 was used in the MC simulations to better simulate the propagation through tissue. The receiver was a ring coaxial with the pencil beam delimited by radii ρ = 29 and 30 mm. In this receiving range, 10 5 photons distributed over about 5 ns were received. The temporal resolution of the distributions of the time of flight was of 40 ps. The retrieval was carried out using a fitting range (80%-0.1%) with a larger amount of early times of the temporal profile disregarded. This was done with the aim of further reducing any effect due to the limitations at early times of the forward model F based on the solution of the diffusion equation. In the first five trials (1-5), a priori information on the fitted parameters was widely used and the actual values of the target parameters remain within about three standard deviations of their expected value provided with the a priori information (see figure 5) . Differently, in trials 6, 7 and 8, the a priori information was progressively released since the range of the Gaussian distributions became unbounded (see figure 5 ). Concerning trials 7 and 8 (for which the a priori information is released), we have also performed the retrieval with the LM regularization and no differences were found with the OE algorithm. These retrievals with the LM regularization were carried out using as initial values of the target parameters the expected values assumed for the retrieval with the OE shown in figure 5 . Thus, we stress that trials 7 and 8 are practically equivalent to a fit performed using standard NLSF routines. Therefore, the comparison of the retrieved values for trials 1-5 with those for trials 7 and 8 emphasizes the differences and the improvement of the OE with respect to other NLSF routines that cannot use a priori information. The retrieved values of figure 6 do not show a monotonous trend against the trial number, and what we can observe is more average general influence of a priori information on the retrieval. The results obtained show that sometimes the retrieval of certain parameters is difficult even when a priori information is used (trial 3), but the difference between the actual values and the retrieved values is lower on the average when a priori information is widely available, thus showing an improved accuracy. Moreover, the standard deviation of the retrieved values is larger for the fit with faint or null a priori information (trials 6-8) and smaller for the fit with a significant amount of a priori information (trials 1-5). Thus, the retrieved values show on the average a generally better precision of the retrieval procedure when a priori information is used. Therefore, a priori information on the target parameters determines a significant improvement in the retrieval. It can also be noted (see figure 6 ) that the retrieved values were consistent, within three standard deviations (three times the error bars shown in figure 6), with the true values. The results of figure 6 are substantially in agreement with the results of figure 4, and we can conclude that, for the retrieval of type (b), the results obtained showed that the availability of a priori information improves the characteristics of the retrieval in terms of accuracy and precision.
Trying to simulate as much as possible a realistic experimental condition, we present the last example for the retrieval of type (b). We ran a MC simulation by extracting the properties for μ s1 and μ s2 , (0.01-0.04) mm −1 for μ a1 and μ a2 and (8-12) mm for s 1 . The reflectance data were generated for the three distances: ρ 1 = 19.5, ρ 2 = 29.5 and ρ 3 = 39.5 mm. The receivers were rings coaxial with the pencil beam with radii 19 and 20 mm for ρ 1 , 29 and 30 mm for ρ 2 and 39 and 40 mm for ρ 3 . The Henyey-Greenstein scattering function with g = 0.8 was used in the MC simulations. The a priori information for the retrieval was chosen by selecting an expected value for the target parameters in the centers of the above ranges, and a Gaussian probability distribution with a 68% probability in the above ranges. A multi-distance retrieval based on the OE was carried out using all the data at the three distances and three independent amplitude factors. In figure 7 , a comparison between the measurement curves and the curves of the fit is shown. In the inset of figure 7, the retrieved values and the actual values of the target parameters are shown. We observed that the OE method worked well for all the retrieved parameters. The a priori information on the target parameters was used correctly in the retrieval, since their retrieved values were within the ranges delimiting their values, and the retrieved values were, within the errors bars, in agreement with the their actual values.
Retrieval type (c).
Usually the parameters of the forward model are assumed to be known in NLSF, and the retrieval of the target parameters is typically carried out with this assumption. In reality, these parameters are known with errors that affect the retrieval. We used the example, typical of time-resolved tissue spectroscopy, of the time reference t 0 of the temporal scale 
that is a forward model parameter estimated with error. This error can influence the retrieval when absorption and scattering are retrieved from measured temporal profiles. The same semi-infinite medium and the same target parameters of retrieval type (a) (see table 1) were considered. The optical properties were retrieved using the reflectance at ρ = 22 mm that was processed with the OE. The time reference t 0 is a forward model parameter, and three retrievals for three different values of t 0 and of its estimated error σ t 0 were carried out. They are summarized in table 3 for DE and MC simulated data. In trial 1, t 0 was assumed to be estimated correctly as being equal to 0 and without error. In trial 2, t 0 was assumed to be equal to 40 ps (the time scale of the forward model was on purpose shifted to 40 ps) and without error. In trial 3, t 0 was assumed, as in trial 2, to be equal to 40 ps, but with an estimated standard deviation of σ t 0 = 40 ps. In trial 1, μ a and μ s were retrieved correctly, while in trial 2 the temporal shift t 0 spoiled the retrieval, especially for μ s . The results of trial 3 showed that, with a reasonable estimate of σ t 0 , the retrieval could recover better values for the target parameters. The retrieval of trial 3 can only be performed with the OE, since the LM cannot use the information on σ t 0 . The comparison of trials 3 and 2 provides an estimate of the possible improvement achievable in the retrieval with the OE when errors are affecting the forward model parameters such as t 0 . The key point of this kind of retrieval is the availability of a good estimate for the error σ t 0 .
Discussion and Conclusions
In conclusion, the examples reported show that when a priori information is not available (retrieval of type (a)), the OE algorithm is no different from other NLSF routines, such as those based on the Levenberg-Marquardt (LM) algorithm. This is particularly true for an over-determined set of measurements from which the target parameters can be indifferently reconstructed using the OE or other NLSF routines. In contrast, when we are dealing with an under-determined set of observations to retrieve a certain set of target parameters, the availability of a priori information on the target parameters or on the forward model parameters can significantly improve the quality and the stability of the retrieval (retrieval of types (b) and (c)). We point out that for the retrieval of types (b) and (c) standard NLSF routines cannot be used. The improvement in the retrieval can be summarized in the following points.
• A priori information on target parameters on average determines a lesser difference between retrieved values and true values of the target parameters, thus showing a greater accuracy in the procedure.
• A priori information on target parameters determines lower error bars on the retrieved parameters, thus testifying to a greater stability and precision in the procedure.
• A correct estimation of the errors on the forward model parameters improves the accuracy of the retrieved target parameters.
These conclusions are supported by a large number of trials carried out for a wide range of the optical properties. We stress that the results presented in this paper using DE simulated data are independent of the forward model used, and therefore there is no model error. The results obtained from MC simulations with the asymmetry factor g = 0.8 show that the performance of this retrieval operator can also be extended to experimental data carried out on biological tissues. Finally, we point out that the computation time of the OE routine is roughly slower than a factor 2 compared to the LM algorithm. For most of the applications in NIRS, this is a minor concern since the computation time of the retrieval processes is usually negligible. In contrast, in other applications such as optical tomography imaging the computation time is a major concern and can be decisive for evaluating the total performance of the inversion procedure.
Our results show that several advantages can be obtained when a priori information is processed in the retrieval procedure. However, although algorithms for the use of a priori information in the inverse problem have been proposed for several years now for imaging applications (Eppstein et al 1999) , we can observe that the analysis of data for tissue spectroscopy or imaging is still preferentially performed using standard NLSF such as the LM algorithm or the Gauss-Newton method. A question can thus be posed: What is the reason for this fact? One simple answer could be that up to now we have not had easy-to-use available routines that can process a priori information. Most of the programs created are, like the one developed by our group, prototypes developed for research purposes, and their complexity may obstruct the development of simple routines for general use. This is actually true, and probably there are also applications for which we do not really need a priori information in the retrieval procedure; for instance, the case of an over-determined set of measurements. For these kinds of retrieval, the LM algorithm or the Gauss-Newton method works well and can be implemented with fairly user-friendly and well-established routines. At the same time, however, we note that there are examples in tissue spectroscopy (such as the case of the human head), in which, due to the structural complexity of the medium investigated, the availability and the use of a priori information could be of significant help in the retrieval. For this reason, the use of routines like the one employed here should be encouraged for all those applications in which an under-determined set of measurements is used in reconstructing a large set of target parameters.
The decisive question on using inversion procedures like the one proposed here is, therefore, 'do we really have enough accurate a priori information on our parameters involved in the retrieval?'. In case the a priori information available is not reliable, these kinds of procedures can even make the retrieval less efficient than using standard NLSF routines. Therefore, the first step in using a priori information on target and forward model parameters is to evaluate critically the accuracy of the said information.
